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Abstract: The Electrical Power System (EPS) in an aircraft is designed to interact extensively with
other systems. With a growing trend towards more electric aircraft, the complexity of interactions
between the EPS and other systems has grown. This has resulted in an increased necessity of
implementing health monitoring methods like diagnosis and prognosis of the EPS at the systems level.
This paper focuses on developing a diagnostic algorithm for the EPS to detect and isolate faults and
their root causes that occur at the Line Replaceable Units (LRUs) connecting with aircraft systems like
the engine and the fuel system. This paper aims to achieve this in two steps: (i) developing an EPS
digital twin and presenting the simulation results for both healthy and fault scenarios, (ii) developing
an Adaptive Neuro-Fuzzy Inference System (ANFIS) monitor to detect faults in the EPS. The results
from the ANFIS monitor are processed in two methods: (i) a crisp boundary approach, and (ii) a
fuzzy boundary approach. The former approach has a poor misclassification rate; hence the latter
method is chosen to combine with causal reasoning for isolating root causes of these interacting faults.
The results from both these methods are presented through examples in this paper.
Keywords: Electrical Power System; ANFIS; causal reasoning; diagnosis; fault propagation; aircraft;
digital twin
1. Introduction
The Electrical Power System (EPS) of an aircraft is generally designed to have many interactions
with other aircraft systems. For example, the EPS provides electricity required for various valves in the
aircraft like the fuel system, the Environmental Control System (ECS), and the pneumatic systems [1].
It is the conduit source of power for the avionics and provides power for all the instruments in the
cockpit. The EPS is provided with the required power by the engines and the Auxiliary Power Unit
(APU), which in turn generates electricity and provides for the valves and switches in both engines
and the APU. The EPS is required for cabin lighting, as well as for the functioning of electrical and
electronic appliances like cabin entertainment systems and sensors [2]. With the aircraft industry
moving towards low CO2 emissions, clean energy, and light weight, more focus is being given to the
concepts of fully electric propulsion systems and all-electric aircraft.
As the dependencies on the EPS grow within an aircraft, more importance is given for detecting
and isolating faults in the EPS at an early stage. The effect of any fault in the EPS could easily propagate
to other aircraft systems that the EPS interacts with. Some faults in the EPS result in common cause
failures, affecting multiple aircraft systems at a given time. Electrical failures in the Boeing 747-4H6 in
2012 [3] and the Airbus A319-111 [4] in 2009 are classic examples of common-mode failures. In the case
of the B747-4H6 event in 2012, the root cause of the event was a latent hardware fault on the bus tie
breaker whereas, in the A319-111 event in 2009, the incident occurred due to an intermittent fault in the
Generator Control Unit which led to the loss of the left electrical network. Both these faults resulted
in intermittent blanking of cockpit displays, intermittent loss of power to one of the AC bus bars,
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and resultant degradation of multiple aircraft systems. In the case of B747-4H6, the failure led to the
disengagement of all three autopilots and the pilots had to take over the landing manually. In A319-111,
the APU generator took over from the failed generator, but many systems, including all means of radio
connections, remained inoperative throughout the flight duration. Aircraft incidents like these show
the necessity of developing diagnostics for the EPS at the system-level. This would not only detect
and isolate the faults that affect the EPS but also prevent the possibility of their propagation to the
interacting systems. The diagnosis also helps with the research focusing on health monitoring at the
aircraft level, in order to isolate faults propagating to multiple systems [5]. In general, cascading faults
result in effects that can be observed in systems other than the point of origin, increasing ambiguity,
and resulting in extended downtime and prolonged maintenance as a consequence. Hence diagnostics
developed at the systems level, combined with reasoning at the vehicle level, will enable isolation
of such faults and their root causes. This will help in reducing the time and money involved in
troubleshooting during maintenance [5].
Several research works have been dedicated to developing diagnostic methods for various faults in
the aircraft EPS. The Advanced Diagnostic and Prognostic Testbed (ADAPT), an EPS testbed developed
byNASAAmes Research Centre, has been used inmultiple scenarios to evolve diagnosis and prognosis
technologies [6–9]. ADAPT evaluates diagnostic algorithms and software, enables the insertion of
faults, and provides a mechanism for evolving the algorithms to be implemented into the vehicles [10].
However, the majority of work found in the EPS diagnostics literature has focused mainly on faults at
the components level like wires [11] and relays [8], and the subsystems level like generators [12] and
induction motors [13,14]. While most researchers work on the performance of the linked systems like
the engine and the fuel pump [1,15,16], there is a lack of investigation in isolating the faults from the
EPS, which have propagating effects into other aircraft systems.
In this paper, an ‘Adaptive Neuro-Fuzzy Inference System (ANFIS) monitor’ is developed in
MATLAB R2019a to detect the presence of faults in the EPS, within a customizable time period, defined
by the user. A hybrid combination of ANFIS monitor with causal reasoning is applied to isolate the
root cause of faults found at the Line Replaceable Units (LRUs) connecting the EPS with other aircraft
systems. With this objective, in Section 2 of this paper, the digital twin for an aircraft EPS is modeled in
MATLAB Simulink R2019a along with its connections to the aircraft engine, the Environmental Control
System (ECS), and the fuel system through LRUs as simple as valves and pumps. This is followed by
exercising this digital twin under healthy and faulty conditions. Section 3 discusses the steps involved
in developing the diagnostic reasoning for EPS using ANFIS and presents the ANFIS monitor that is
developed for the detectability of faults in the EPS. Section 4 presents two approaches to processing
the results generated by ANFIS: (i) the crisp boundary approach and (ii) the fuzzy boundary approach.
These two methods are compared based on their misclassification rate (the ratio of the number of
misclassified simulation runs to the total number of simulation runs). Causal reasoning is combined
with the better method to isolate the faults and their root causes affecting the aircraft system LRUs.
Section 5 provides the conclusion of this paper.
2. Modeling and Simulation of an Aircraft Electrical Power System (EPS)
In a typical twin-engine aircraft like a Boeing 737, the EPS is powered by two engine-driven
generators. The EPS network generates 3-phase, 115/200 V, 400 Hz AC power using either the Constant
Speed Drive unit, the Variable Speed Constant Frequency unit, or the Integrated Drive Generator to
link with the engines. The EPS network is connected to the engine-driven generators through a series
of bus arrangements. The two gen buses are powered by either generator, and they supply power to
main loads like hydraulic pumps and windows heating. Electricity is then passed on to the main buses,
which supply power to the loads like the fuel boost pumps [17]. The alternating current generated is
also stepped down to 28 V AC power for the instrument lighting and converted to 28 V DC power to
provide power to components of other aircraft systems like the engine bleed valves or the fuel system
shut-off valves. The standby buses for AC and DC are powered either using the AC transfer bus and
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the DC bus or with batteries via inverters and battery buses, respectively. The AC power sources from
the two engine-driven generators do not function in parallel; when an AC power source of a gen bus
takes priority, the other existing source is disconnected. The APU driven generator operates identically
to the engine-driven generators. It powers the aircraft on ground and serves as a backup for either
engine during flight [17,18].
As discussed in the previous paragraph, since only one AC source is active at a given time, this
paper considers only the section of the EPS that is powered by one AC source for modeling and the
subsequent analysis. To emulate the behavior of an aircraft electrical power system, the EPS digital
twin is developed in MATLAB-Simulink R2019asoftware, taking references from some of the existing
works [19–21]. More details on the modules used to build the EPS digital twin and the mathematics
behind them can be found in these references [22–24].
2.1. The EPS Digital Twin
The EPS digital twin consists of a constant speed source from the engine shaft that is fed to
a generator of 40 kVA capacity. This generator is defined by a simplified synchronous machine in
MATLAB Simulink, which produces 115/200 V AC power at 400 Hz. For the given frequency f,
the synchronous speed Ns at which the required voltage is produced by the synchronous machine is
calculated using the following formula:
Ns = f(2/P) × 60 = 400 Hz × (120/4) = 12,000 rpm (1)
where P is the number of poles in the generator. With this result, all the simulations of the EPS digital
twin will be run at a constant speed of 12,000 rpm [18]. The synchronized machine also takes regulated
field voltage as an input, which is fed from the IEEE type 1 voltage regulator combined excitation
system. Considering the dissipation losses in the circuit, the total apparent power generated by this
synchronous machine is calculated using the following formula [21]:
Apparent Power, p = 3Vrms Irms(kVA) (2)
where rms = root mean square.
As mentioned in Section 1, with the growing demand for more electrification of advanced aircraft,
the EPS is designed to distribute power to several aircraft systems through its constituent LRUs.
For this EPS digital twin, the following LRUs in the aircraft systems are considered for this simulation,
with the necessary parameters taken from their respective technical specification sheets provided by
their commercial suppliers [25–28]. Figure 1 shows the defined MATLAB Simulink model developed
for the EPS representative discussed in this paper.
The 115/200 V AC power is provided to the fuel pump AC induction motor. The induction motor
is defined by an asynchronous machine rated at 9 KW power and 8000 rpm, with a squirrel cage
rotor that results in the rotor speed required to run the fuel pump. The paper refers to the power
distributed to this LRU as Power_FSPump; the motor’s speed, torque, and stator current are referred
to as FS_Motor_Speed, FS_Motor_Torque, and FS_Motor_Stator_I, respectively.
The AC power is distributed to the Transformer Rectifier Unit (Power_TRU) and is converted to
28 VDC. This DC power is then supplied to a valve and a nozzle in the fuel system, to a bleed air system
high-pressure shut-off valve in the engine, and a temperature control valve in the ECS. This paper
refers to these LRUs as FS_Valve, FS_Nozzle, Eng_BleedValve, and ECS_TCValve, respectively.
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Figure 1. MATLAB-Simulink model for the aircraft Electrical Power System (EPS).
Appl. Sci. 2020, 10, 2854 5 of 22
The AC power distributed to the AC Lamps (Power_ACLamp) is directly provided for the cabin
window fluorescent lights (AC_Fluro) and stepped down to 5 V AC for the cockpit instrument panel
lights (AC_Instru).
The AC power generated is referred to as Power_ACLoad and is distributed at each node
representing the aircraft systems, and is also calculated using Equation (2). Random noise is added in
the measurement devices, in order to avoid replicating an ideal condition for the EPS.
Table 1 presents the performance of the EPS digital twin at a constant speed of 12,000 rpm,
considering a steady state as the operating condition. This simulated condition is considered as the
healthy state condition or the baseline for the EPS digital twin. Following the simulation with the
healthy scenario, the next section discusses the faults induced in the EPS digital twin.
Table 1. Measured values during the Healthy Run.














2.2. Fault Injection in the EPS Digital Twin
The EPS supplies power to required LRUs of the aircraft systems through a series of switches
and circuit breakers that protect the electrical circuits from events like overcurrent surge. These circuit
breakers are modeled to trip on their own when the current exceeds the defined limit, as shown in
Figure 2a. These circuit breakers can also be tripped at the beginning of the simulation, on purpose,
by providing a fault signal as input to these components. In Figure 2b, DC_TRU_B, AC_Lamp_B,
and FS_ACMotor_B are the fault input signals that would induce circuit breaker tripping in the
distribution node that supplies AC Power to TRU, AC lamps, and FS motor, respectively. Injecting
faults in the circuit breakers will stop the current flow to the respective node that supplies power to the
LRU connecting to a particular aircraft system like the engine, the fuel system, or the ECS.
Similarly, faults can be injected via the integrated gate bipolar transistor (IGBT) switches that
connect to the valves and nozzles within the DC circuit (as seen in Figure 3), as well as through the
switches in AC lamp circuits (not shown in the figure). The faults in the DC circuits from Figure 3
emulate the stuck open scenarios by opening the IGBT switches to a partial degree. For testing
purposes, FS_valve switch is stuck at 80%, FS_Nozzle switch is stuck at 70%, Eng_BleedValve is stuck
at 60%, and the ECS_TCValve is stuck at 50%. Figure 3 also shows the noise signals added to voltage
measurements. Similar noise is added to voltage measurements in AC lamp circuits.
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Figure 2. Fault injection in circuit breakers connecting generators to other aircraft systems: (a) User input
current limits set for circuit breakers; (b) Manual tripping input inside the AC power distribution mask.
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Figure 3. Fault injection to DC loads via integrated gate bipolar transistor (IGBT) switches and noise signal added to voltage measurements.
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In the case of the FSPump AC induction motor, there are several methods to inject faults that
would result in the reduction of its rotor speed output. For this paper, the variation of the supply
voltage method is chosen [29]. This is carried out by inserting a step-down transformer in the motor
circuit, as shown in Figure 4. Through this, the supply voltage to the pump motor is reduced to induce
the fault.
Figure 4. Fault injection in AC pump motor by reduced voltage supply (F10).
Considering only abrupt faults, as either intermittent or constant over time, faults chosen for
diagnosis in the EPS digital twin are listed in Table 2. As discussed above, the faults are chosen in
such a way that, when injected, their effects can be observed in the overall power generated by the
generator and the overall power consumed by their corresponding LRUs. These faults are also the
most common electrical faults explored in the aircraft industry. For demonstration purposes and to
avoid a lengthier presentation, all faults listed in Table 2 (F1, F2, . . . , F9) are injected for a duration of
0.25 s each, instead of injecting individual faults per simulation run. Fault F10 is simulated separately.
The effects of the faults on the systems and their components and how they affect other systems
are observed and compared with the healthy case simulation from Table 1. The faults either affect the
power supply to the entire system along with their subsystems or only the LRUs based on the location
of the fault injection. This can be observed in Figure 5 (the fault ids are mentioned in the red box,
near their respective effects in the plots). For example, when the fault F5 is injected (circuit breaker
connecting the power distribution node to TRU is tripped) at t = 2.5 s to t = 2.75 s as per Table 2,
the fault cuts off the current supply to all the valves and nozzles in the DC circuit (Figure 5 middle
column at t = 2.5 s to t = 2.75 s). However, when the faults F1, F2, F3, and F4 (scenarios of switch
stuck open at the LRUs), are injected at their respective simulation times from Table 2, they affect the
current consumed by the concerned LRU only. This can be observed from the left column second
plot (Power_TRU) and the entire middle column of Figure 5. Likewise, when the fault F7 (circuit
breaker tripped at the distribution node connecting the AC lamps) is injected at t = 3.5 s to t = 3.75
s as per Table 2, the current is reduced to both the AC instrument panel lamp and at the AC cabin
window fluorescent lamp (can be observed in right column bottom two plots of Figure 5). However,
the faults F8 and F9 (scenarios of switch stuck open at the LRUs) injected at the simulation times listed
in Table 2, affect the current consumed by the respective LRUs only. These cases can be observed in the
left column bottom plot (Power_ACLamp) and right column bottom two plots of Figure 5. In the case
of faults in the AC motor, when the circuit breaker is tripped at the AC power distribution node (Fault
F6 at t = 3.0 s to t = 3.25 s), the motor does not receive any power, and hence there is no speed and
current (left column third plot (Power_FSPump) and right column top two plots of Figure 5). It is to be
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noted that, in the top plot on the left column of Figure 5 (Power_total), only the effect of fault F6 is
observed. This is due to the difference in magnitude of power consumed by Power_FSPump when
compared to the Power_TRU and Power_ACLamp. In the case of fault F10, when the supply voltage
is reduced, the rotor speed is lower than the nominal speed that is observed during the healthy case
simulation. The reduced supply voltage scenario is shown in Figure 6. Thus, all the faults listed in
Table 2 affect the overall power output from the simulation of EPS digital twin, along with the power
consumption of the aircraft systems the EPS is connected to.
Table 2. Faults injected in the EPS Digital Twin.






DC supply to fuel system
nozzle




DC supply to fuel system
shut-off valve




DC supply to engine bleed
valve




DC supply to ECS
Temperature control valve
ECS_TCValve_SwitchStuckopen t = 1.75 s to t = 2.0 s
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AC power distribution node
to TRU for DC circuits
DC_TRU_B t = 2.5 s to t = 2.75 s
F6 Circuit breaker trip
AC power distribution node
to AC fuel pump motor
FS_ACMotor_B t = 3.0 s to t = 3.25 s
F7 Circuit breaker trip
AC power distribution node
to AC Lamps
AC_Lamp_B t = 3.5 s to t = 3.75 s
F8 Switch stuck open
AC supply to Instrument
panel lamp
AC_Instru_Switchopen t = 4.0 s to t = 4.25 s
F9 Switch stuck open
AC supply to cabin window
fluorescent light
AC_fluro_Switchopen t = 4.5 s to t = 4.75 s
F10 Voltage reduction






Figure 5. EPS performance during various fault scenarios (faults F1, F2, . . . , F9). Left column: Total
power generated and power consumed by DC TRU, FS Pump, and AC Lamp (kVA). Middle column:
Currents at DC Loads. Right column, top two plots: FS Pump characteristics. Right column, bottom
two plots: Currents at AC Lamps.






Figure 6. Pump motor characteristics for reduced voltage (F10).
3. Diagnostic Reasoning for the EPS
The simulations run for both healthy and faulty conditions in the EPS digital twin show that faults
induced in the EPS affect the LRUs of other systems, thus propagating their effects to these interacting
systems. In order to detect and isolate the faults propagating to other aircraft systems from the EPS,
a diagnostic reasoning engine is developed through a series of steps, as discussed below.
Data is collected by running the simulation at both healthy and all known fault scenarios. A set of
parameters was chosen to monitor the health of the EPS digital twin during these simulations, and the
raw data was collected for these parameters through sampling.
Preprocessing of the sampled raw data is undertaken by calculating the root mean square (rms)
values of the monitored parameters followed by computing the mean values of the steady-state data.
Factor analysis is carried out using the computed mean values to understand the effects of injected
faults on themonitored parameters. This step helps in shortlisting the factors that need to be considered
for building the diagnostic reasoning engine and ignoring the redundant parameters.
Thresholds are determined to define the diagnostic rules for the reasoning engine. If crisp
thresholds are established between the parameters for all the simulated scenarios, these threshold
values can be used to define the diagnostic rules for the reasoning engine. However, from Figure 5,
it is observed that for certain faults like F7 or F1, the apparent power does not vary much from the
100% healthy case results. In such scenarios, defining a crisp boundary of the parameter in order to
differentiate a healthy case from the fault cases and to differentiate a fault case from another, would
require a large number of very specific rules. To avoid this, the thresholds will hence be defined by
fuzzy boundaries, and diagnostic rules will be framed using fuzzy reasoning.
This step involves developing fuzzy diagnostic reasoning. In order to avoid specificity in the
threshold values, the membership functions of the fuzzy system are determined using artificial neural
networks. The following subsections present the fundamentals of ANFIS and how it is implemented
for the EPS diagnostics.
3.1. Brief Description of ANFIS
The Adaptive Neuro-Fuzzy Inference System (ANFIS) is the combination of artificial neural
networks (ANN) with Takagi–Sugeno fuzzy reasoning [30]. A general fuzzy inference system (FIS)
operates by the following steps:
1. Input parameters are fuzzified by defining membership functions,
2. Logical operators like AND, OR, and NOT are applied to combine the membership functions of
the input parameters to get a set of ‘if-then’ rules along with their weights,
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3. The consequent parts of the rules are implemented depending upon their firing strengths
(weights), and
4. The outputs are calculated, aggregated, and de-fuzzified to provide the final output.
A generalized example to demonstrate the above-mentioned steps is shown in Figure 7. Consider
a first-order Sugeno FIS for given two-parameter inputs A and B presented in the following sets of
equations [30], as seen in Figure 7a.
Rule 1: If A is X1 and B is Y1,
then z1 = p1 × A + q1 × B + r1
(3)
Rule 2: If A is X2 and B is Y2,
then z2 = p2 × A + q2 × B + r2
(4)
where p1, p2, q1, q2, r1, and r2 are linear parameters, and X1, X2, Y1, and Y2 are non-linear parameters.
The inputs of A and B are fuzzified by assigningmembership functions, say µ and ν. Thesemembership
functions represent the degree to which A and B satisfy pertaining to their fuzzy labels X1, Y1, X2,
and Y2. Logical operator AND is applied to establish the relationship between the A and B using their
membership functions. For example, consider the weights that could be calculated by the following
equations:
w1 = AND (µX1 (A), νY1 (B)) (5)





Figure 7. (a) First order Takagi–Sugeno fuzzy reasoning (b) Adaptive Neuro-Fuzzy Inference System
(ANFIS) structure (adapted from [30]).
Once the weights of the fired rules, w1 and w2, are computed, they are combined with the outputs
z1 and z2. The total output ‘z’ is given by calculating the weighted average of the outputs, as given
in Equation (7) [30]. While A and B are fuzzy sets in the antecedent, ‘z’ is a crisp function in the
consequent side.
Output z = (z1 ×w1 + z2 ×w2)/(w1 +w2) (7)
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The ANN is used to tune the membership functions in the Takagi–Sugeno FIS, in order to optimize
the relationship between the input parameters and their respective fuzzy labels, resulting in the
algorithm, ANFIS (as seen in Figure 7b). The neural network in ANFIS estimates errors and adjusts the
membership function parameters to reduce the errors. The parameters are estimated either by using
backpropagation or by a hybrid method that combines least squares estimation with backpropagation.
3.2. An ANFIS Monitor for the EPS
To detect and isolate faults in the EPS, an ANFIS function is developed using the Neuro-Fuzzy
designer toolbox in MATLAB R2019a [31,32]. Using all the monitored parameters to develop ANFIS is
impractical, as it consumes a lot of memory and ends up developing redundant rules. For example,
from Figure 1, it is seen that power can be calculated and monitored from 11 nodes (one node from
the generator, three nodes distributing power, and power supplied to four DC nodes, two AC lamp
nodes, and one AC pump node). Considering these 11 nodes, and AC motor rotor speed as the 12th
monitored parameter, if every parameter is defined with three membership functions, the number of
rules developed to map the relationship between the membership functions will be:
No. of rules = (12 × 3)2 = 1296 (8)
In reality, the EPS interacts with many aircraft systems through the LRUs. Monitoring power
distributed at all these nodes will not be efficient for the diagnostic process as it will consume a lot of
memory and time, and the simulation might not even converge in certain scenarios. Hence instead
of using all monitored parameters, only a few should be selected for further analysis to detect the
presence of a fault in the EPS. In this paper, the Power_Generated parameter is chosen for the purpose
of diagnosis. This is due to the observation made from Table 1, where the total power generated in row
1 is almost equal to the total power consumed in rows 2–4, the slight difference accounting for the
losses and the noise measurements. This eliminates the need to monitor both the power distributing
and consuming nodes. Any presence of fault could ideally be detected by monitoring only the power
generated from the EPS. A Gaussian membership function with three categories (low, medium, high)
is defined for the monitored parameter, Power_Generated, using the Neuro-Fuzzy designer toolbox.
Hence, the number of rules generated in this case becomes three. The ANFIS function is implemented
as a monitor that screens the parameter Power_Generated, for a defined window of time. This defined
time period is programmed to be any number of windows according to the user’s interest, thus making
the ANFIS monitor customizable.
4. Results and Discussion
Simulations are run for healthy and various faulty scenarios and the processed steady-state data
from Power_Generated. The total data processed for analysis is split into training (40% of the data)
and testing (60% of the data). In general, ANFIS generates the output ‘z’ in numbers between 0–5 with
decimal points (0 being the lowest power generated and 5 being the highest). These values of ‘z’ are
processed in two different methods for further isolation of faults.
4.1. Method 1: The Crisp Boundary Approach
The output values, ‘z’ with decimals generated by ANFIS, are rounded up to discrete ranks,
providing crisp boundaries between the regions. This results in six discrete values; thus, six distinct
regions, from Region 5 to Region 0, as shown in Figure 8. Any surge in power generated, due to an
unsteady state is classified as ‘undefined’. ANFIS is trained with the training data, and its ability
to estimate the output based on the power generated is evaluated using the testing data, where it
produced a root mean square error of 0.31.
The trained ANFIS function is programmed to detect any presence of faults in the EPS after every
simulation run. For demonstration purposes, the ANFIS monitor screens the steady-state simulation
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Figure 8. Healthy and faulty scenarios classified based on apparent power generated using the crisp
boundary approach.
4.1.1. Healthy Case
When the EPS is run for a healthy scenario (Figure 9a), the result generated by the ANFIS monitor
is as shown in Figure 9b. The ANFIS monitor checks the simulation run every 0.25 s, and the results
show ‘Region 5′ for every time window.
Figure 9. Healthy scenario using the crisp boundary approach. (a) EPS performance in terms of
apparent power (left column), DC currents (middle column), [ump performance (top two plots in the
right column), AC lamps current (bottom two plots in the right column). (b) The corresponding results
generated by ANFIS monitor using Method 1 approach.
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4.1.2. Faulty Case
In an ideal testing scenario, only a single fault scenario is tested. However, for the purposes of
demonstration, the same faults from Table 2 (for 0.25 s each) are tested in this case. It can be observed
in Figure 10b that the ANFIS monitor has not classified the regions correctly. For example, fault F7
(t = 3.5 s to t = 3.75 s) is classified as ‘Region 4′ at t = 3.75 s instead of ‘Region 3′ and fault F5 (t = 2.5 s
to t = 2.75 s) is classified as ‘Region 3′ at t = 2.75 s instead of ‘Region 2′, as assigned in Figure 10b.
Figure 10. Faulty scenario using the crisp boundary approach. (a) EPS performance in faulty scenarios.
(b) The corresponding results generated by ANFIS monitor using Method 1 approach.
This inaccuracy in the detection of regions is due to the error in rounding up the values of ‘z’ while
assigning the regions to each fault. The misclassification rate is high, at 67%, as seen in Figure 11, due
to the inaccurate region assignments using crisp boundaries. Applying any additional approach like
causal reasoning to this method will not be beneficial since the regions are not classified appropriately.
In order to reduce the effect of this misclassification problem and to narrow down the fault to the
concerned LRU, a fuzzy boundary approach is followed along with causal reasoning in Method 2.
 
′ ′
Figure 11. Confusion matrix for the crisp boundary approach.
4.2. Method 2: The Fuzzy Boundary Approach
In method 2, the ‘fuzzy boundary’ concept is used since the crisp boundaries for processing the
ANFIS output values ‘z’ did not work, as shown in Method 1. Regions 5 to 0 are now representing
multiple faults overlapping other regions (Figure 12) instead of representing only the ‘defined’ faults
without any overlaps as in method 1. For example, from Figure 12a, it is seen that the fault F5 comes
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under both ‘Region 2′ and ‘Region 3′. This method provides an accurate classification of faults into their
regions, as shown in the confusion matrix in Figure 12b. In order to isolate the faults that propagate
to other aircraft systems, the second method uses a hybrid combination of causal reasoning with
ANFIS. Causal reasoning is a reasoning strategy that draws conclusions based on the cause and effect
relationship of the concerned subjects [33]. In general, developing causal reasoning for a system such
as EPS is a time-consuming and tedious task due to the large number of interactions between the EPS
and other systems. However, with the combination of the ANFIS monitor similar to that in method
1, their results can be used to narrow down the region of search for cause and effect relationships.
The algorithm for implementing the method 2 approach is provided in Appendix A.
Figure 12. (a) Fuzzy boundaries representing healthy and faulty scenarios based on the power generated.
(b) Confusion matrix for method 2 ANFIS rank processing with fuzzy boundaries.
Using the ANFIS monitor, the ‘effect’ criteria for a particular region of faults is now narrowed
down, which is followed by carrying out a certain number of tests to find out the exact ‘cause’ of the
observed effect. This will be done by developing the diagnostic matrix that maps the required tests
to be carried out for each region, and once the criteria of the tests are satisfied, the result will lead to
the exact fault isolation. The diagnostic matrix for isolating the faults in the EPS is shown in Table 3.
For every region identified by the ANFIS monitor, the voltages of the concerned LRUs are checked to
isolate the faulty LRU. Carrying out every test in the table during every simulation run will consume
a lot of time and memory, especially if the task is only to detect the presence of any fault. Thus, the
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application of the ANFIS monitor to detect the presence of a fault, followed by diagnosis using the
diagnostic matrix, has the significant advantage of isolating the fault in the EPS in a shorter duration,
with lesser memory.
Table 3. Diagnostic matrix for faults vs. tests.
Region Tests F1 F2 F3 F4 F5 F6 F7 F8 F9 F10
5
All DCValves_V = V_Nominal - - - - - - - - - -
Any DCValve_V < V_Nominal X X X X - - - - - -
4
Any DCValve_V < V_Nominal X X X X - - - - - -
Any ACLamp_V < V_Nominal - - - - - - - X X -
3
Any ACLamp_V < V_Nominal - - - - - - - X X -
All ACLamps_V < V_Nominal - - - - - - X - - -
All DCValves_V < V_Nominal - - - - X - - - - -
2 All DCValves_V < V_Nominal - - - - X - - - - -
1
AC_Motor_Speed < Speed_Nominal &&
AC_Motor_Torque >
AC_Motor_Torque_min
- - - - - - - - - X
AC_Motor_Speed < Speed_Nominal &&
AC_Motor_Torque <
AC_Motor_Torque_min
- - - - - X - - - -
0
AC_Motor_Speed < Speed_Nominal &&
AC_Motor_Torque >
AC_Motor_Torque_min
- - - - - - - - - X
AC_Motor_Speed < Speed_Nominal &&
AC_Motor_Torque <
AC_Motor_Torque_min
- - - - - X - - - -
An example of the end result, isolating a fault in the EPS, using the ANFIS monitor and the
diagnostic matrix, is shown in Figure 13. The variable ‘monitor_res’ in Figure 13 shows the summarized
output from the ANFIS monitor, which is then followed by the tests from the diagnostic matrix to
isolate the F6 fault. Figure 14 shows the isolation of fault F5. Similarly, with the help of the diagnostic
matrix, the tests are able to isolate the LRUs that are propagating faults to the other systems. While the
ANFIS rank processing with the fuzzy boundaries classifies the regions of faults accurately, the overall
classification accuracy of method 2 is 99.1%. This is due to the slight overlaps between the healthy
and DC Valves nominal voltages that are tested in Region 5. The tests carried out from the diagnostic
matrix in Table 3 are able to isolate the faults accurately in the rest of the regions.
The diagnostic algorithm is tuned in to detect only the steady-state, single fault criteria, and
hence, in any case of multiple or intermittent faults, the variable ‘monitor_res’ will give the result as
‘Intermittent,’ and the further diagnostic tests will be canceled. This can be seen in Figure 15a, where
the fault F6 is injected between t = 2.5 s to t = 3.0 s, the ‘monitor_res’ variable is ‘Intermittent,’ and
there are no further diagnostic results. Similarly, in Figure 15b, multiple faults are injected for 0.5 s
duration, (F5 between t = 2.5 s to 3.0 s, and F8 between t = 1.5 s to t = 2.0 s) and the end result is shown
as ‘Intermittent’. Thus, the hybrid combination of the ANFIS monitor with causal reasoning is capable
of detecting and diagnosing both steady and unsteady state fault scenarios in the EPS, and it is also
tunable as required.
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Figure 13. (a) Corresponding reaction in apparent power for ACMotor_Fault Injection (F6). (b) Method
2 results with the ANFIS monitor and causal reasoning.
Figure 14. (a) Corresponding reaction in apparent power for DC TRU_CBtrip (F5) fault injection. (b)
Method 2 results with the ANFIS monitor and causal reasoning.
Appl. Sci. 2020, 10, 2854 18 of 22
Figure 15. (a) Diagnostics for one intermittent fault (F6). (b) Diagnostics of multiple intermittent faults
(F5, F8).
5. Conclusions
This paper discussed the importance of developing diagnostics for an Electrical Power System
to isolate faults, including those that affect other systems like the engine, the fuel system, and the
Environmental Control System of an aircraft. The development of an EPS digital twin, along with its
simulation of healthy and faulty states, are presented. An ANFIS monitor is developed to detect the
presence of faults in the EPS based on the power generated. Isolation of faults to particular LRUs is
attempted by processing the ANFIS ranks in two methods: (i) a crisp boundary approach, and (ii) a
fuzzy boundary approach. While the former provided a very high misclassification rate of 67%, the
second method was able to classify the faults to their regions accurately. This fuzzy boundary method
is combined with causal reasoning by developing tests for every region through a diagnostic matrix,
through which the faults that propagate to LRUs of other aircraft systems are isolated. The developed
diagnostic algorithm with ANFIS is tunable to monitor the power generated at desired time windows
and is also capable of identifying the intermittency during the simulation run.
With these results from EPS diagnostics, it is possible to pinpoint the location and time where a
fault has occurred, thus reducing the time taken to troubleshoot the root cause of faults effectively.
This method will help in preventing ambiguous scenarios like the aircraft incidents presented in
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Section 1, where the effect is significantly observed in the interacting system rather than the system
of origin. As the combination of the ANFIS monitor with causal reasoning does not take much time
to isolate the faults during the simulation run, this diagnostic method could be tried in both ground
systems as well as onboard highly electrified aircraft for rapid diagnosis in the case of real-time fault
scenarios. As this diagnostic method is not heavy on computation requirements, it is also helpful
for monitoring the health of the aircraft at the vehicle level, considering the interaction between its
multiple systems. A framework of digital twins of multiple interacting systems like the EPS, the engine,
the ECS, and the fuel system, along with their system-level diagnostics isolating the interacting faults,
would help in monitoring the overall health of the aircraft [5].
Author Contributions: Conceptualization, C.M.E., and I.K.J.; Methodology, C.M.E.; Software, C.M.E.; Validation,
C.M.E.; Formal analysis, C.M.E.; Investigation, C.M.E.; Resources, I.K.J.; Data curation, C.M.E.; Writing—original
draft preparation, C.M.E.; Writing—review and editing, C.M.E. and I.K.J.; Visualization, C.E.; Supervision, I.K.J.;
Project administration, I.K.J.; Funding acquisition, I.K.J. All authors have read and agreed to the published version
of the manuscript.
Funding: This work has been funded by The Boeing Company as part of their collaboration with Cranfield
University’s IVHM Centre. The authors would like to thank Boeing for their support of this project.
Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design of the
study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to
publish the results.
Appendix A
Algorithm: The ANFIS monitor with fuzzy boundary approach.
Run simulation
i1 = 1;
for every 5 sec % customizable window %
Power_gen (i1) =mean (Power_Generated);
i1 = i1 + 1;
end
%load trained ANFIS file%
fis = readfis (‘Neurofis.fis’);
test = evalfis(fis, Power_gen);
[n] = row(Power_Gen);
% Classification using the ANFIS monitor %
for i2 = 1:n
if (z(i2) < = 5, and z (i2) > = 4) result(i2) = ‘Region 5′
elseif (z(i2) <4, and z (i2) > = 3) result(i2) = ‘Region 4′
elseif (z(i2) <3, and z (i2) > = 2) result(i2) = ‘Region 3′
elseif (z(i2) <2, and z (i2) > = 1) result(i2) = ‘Region 2′
elseif (z(i2) <1, and z (i2) > = 0) result(i2) = ‘Region 1′
elseif (z(i2) <0) result(i2) = ‘Region 0′
elseif (z(i2) >5) result(i2) = ‘Undefined’
end
end





%Diagnosis with Fuzzy boundary approach and Causal reasoning with diagnostic matrix %
if monitor_res =! ‘intermittent’
carry tests from the diagnostic matrix (Table 2) to isolate the root cause
end
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